Introduction 40
Executive function (EF) is an umbrella term for a variety of high-order cognitive abilities (e.g. 41 working memory, task switching and inhibitory control) necessary for the top-down control of 42 goal-directed behavior (Best and Miller, 2010) . It has been reported to support the management of a 43 wide range of cognitive tasks (Bull and Lee, 2014; Yeniad et al., 2013) , promote the development of 44 adaptive behavior to changing environments (Buttelmann and Karbach, 2017) , and predict long-term 45 life outcomes such as health, wealth, and criminal offending (Moffitt et al., 2011) . Given these 46 important impacts of EF, scientific interest in the development of EF has increased dramatically 47 during the past decades (Best and Miller, 2010; Davidson et al., 2006) . 48 There is a general agreement that EF has a protracted course of development, beginning in early 49 childhood and continuing to adolescents and young adulthood (Best and Miller, 2010; Davidson et al., 50 2006). The frontal-parietal network has been suggested as the primary substrate of EF, for a strongly 51 pattern of co-activation across a wide range of EF tasks (Kim et al., 2012; Owen et al., 2005) . resonance imaging (MRI) study observed that developmental gray-matter thinning in right inferior 56 frontal gyrus and right superior parietal cortex mediated age-related EF performance such as working 57 memory and inhibitory control in 5-10 year old children (Kharitonova et al., 2013) . Relatedly, a 58 functional MRI (fMRI) study reported that increased activations in right dorsolateral prefrontal cortex 59 and superior parietal regions were associated with better working memory performance in 8-25 year 60 old (Crone et al., 2006) . 61 Importantly, recent studies suggest that successful EF is not only driven by local properties of 62 particular brain regions, but also by the interactions among large-scale brain networks (Reineberg et 63 al., 2015; Reineberg and Banich, 2016) . Moreover, there is increasing evidence suggesting that 64 developmental changes in large-scale brain network organization are linked to behavioral 65 improvements in cognitive control (Di Martino et al., 2014; Luna et al., 2015; Marek et al., 2015) . 66 Therefore, a brain network approach examining the interactions among large-scale brain networks 67 5 would yield a more compelete understanding of the neural mechnism of EF development. Graph 68 theory, which describes discrete brain regions and their relationships as nodes and links, respectivley, 69 is such an approch with a powerful statistical framework for investigating interactions among whole 70 brain regions as well as connectivity profiles of specific brain network modules (Rubinov and Sporns, 71 2010). Particularly, it has been applied in several studies to examine developmental changes in 72 task-independent brain network organization (Baum et al., 2017; Fair et al., 2007; Gu et al., 2015; 73 Huang et al., 2015). For example, by applying graph theory to diffusion imaging data, Baum et al. 74 found that the structural brain network modules became increasingly segregated with age in 8-22 year 75 old, driven by increased within-network connectivity and decreased between-network connectivity 76 (Baum et al., 2017) . Similarly, by applying graph theory to resting-state fMRI data, Fair et al. showed 77 that the frontal-parietal and cinguloopercular networks in adults were more segregated than those in 78 children, with stronger within-network connectivity and weaker between-network connectivity (Fair 79 et al., 2007) . Notably, several recent studies suggest that brain network modules with different 80 functional roles are likely characterized by substantially different developmental trajectories (Grayson 81 that the frontal-parietal module became increasingly segregated with age in 8-22 year old, while the 83 sensorimotor module displayed no significant relationships with age (Gu et al., 2015) . The authors 84 contend that neural changes in specific brain modules may be associated with the development of 85 particular cognitive abilities. 86 However, to date, most graph theory-based studies have been conducted to examine the 87 development of task-independent brain network organization. The development of task-dependent 88 brain network organization remains unclear. Existing studies probing task-dependent brain networks 89 suggest that while there are many similarities in network organization during an task-independent 90 resting-state and during the performance of a variety of cognitive tasks, there are also meaningful 91 task-specific differences (Cohen and D'Esposito, 2016; Cole et al., 2014) . Therefore, the graph theory 92 analysis of the task-dependent brain network development may provide a new perspective to EF 93
development. 94
Based on the literature mentioned above, the present study aimed to examine the development 95 6 of task-dependent functional brain network organization with graph theory and delineate its potential 96 impacts on EF development. Particularly, the primary school stage such as 7-12 year old is a critical 97 period when both EF abilities and the related brain function develop rapidly (Best and Miller, 2010; 98 Davidson et al., 2006) . Besides, EF at this period has been thought to be critical for various aspects of 99 schooling such as academic achievement, time-management skills, and other school-related behavior 100 (Best and Miller, 2010; Bull and Lee, 2014) . The present study thus focused on this particular period 101 to study the task-dependent brain network organization that may support EF development. In light of 102 prior findings in task-independent brain network organization (Baum et al., 2017; Fair et al., 2007; 103 Sherman et al., 2014), we hypothesized that some of the task-dependent brain network modules (i.e. 104 the frontal-parietal network) would become increasingly segregated with age in 7-12 year old, driven 105 by increases in within-module connectivity and decreases in between-module connectivity. Moreover, 106
we hypothesized that developmental effects in task-dependent brain network organization would 107 mediate age-related improvements in EF performance (i.e. the EF development). 108
Materials and methods 109

Participants 110
Eighty-eight children, ranging in age from 7-12, were recruited from a single district within 111 Qiqihar city, Heilongjiang Province. This study was approved by the research ethics review board of 112 Zhejiang University in China, and was conducted in accordance with the guidelines of Helsinki 113 Declaration. Informed consent was obtained from both the children and their parents. All participants 114 were from urban families. They had normal hearing, normal or corrected-to-normal vision, no history 115 of neurological or psychiatric disorder, and no reports of special educational assistance requirements. The Dots task adapted from Davidson et al (2006) was used to measure EF in this study. Using 123 this task paradigm, our prior work has observed significant age-related improvements in EF 124 performance over the age of 7-12 year old (Wang et al., 2017 (Wang et al., , 2015 . The current study aimed to use 125 the same task to explore the neural networks responsible for these developmental changes. In this task, 126 two different task conditions (single-task and mixed-task, Figure 1 ) were designed to probe EF ability. 127
The single-task condition included two types of blocks (single-congruent and single-incongruent). 128
The single-congruent blocks presented only stripped dots, and subjects were instructed to respond on 129 the same side as the stripped dots. The single-incongruent blocks presented only gray dots, and 130 subjects were instructed to respond on the opposite side to the gray dots. The mixed-task condition 131 randomly presented stripped or gray dots, and subjects were instructed to make the side-congruent or 132 side-incongruent responses according to which types of dots were presented (e.g. stripped same side, 133 gray opposite side). According to Davidson's study , both task conditions tap 134 demands of working memory (remember task rules) and inhibitory control (suppress the prepotent 135 tendency to make side-congruent responses). Relative to the single-task condition, the mixed-task 136 condition consumes greater demands on working memory (remember two task rules) and inhibition 137 (suppress the prepotent tendency to continue responding with the previous task rule for trials that 138 require a switch). Besides, the mixed-task condition has an additional demand of task switching 139 (flexibly switch between responding on the same and opposite sides). Thus, the mixed-task condition 140 should have greater EF demands than the single-task condition. 141 A block design was used in the fMRI experiment with two sessions of scanning. During each 142 session, there were three blocks presenting only stripped dots (single-task), three blocks presenting 143 only gray dots (single-task), and three blocks randomly presenting stripped and gray dots (mixed-task). 144
Each block had a 26-s task condition, followed by a 12-s fixation slide. The 26-s task condition 145 included a 2-s task instruction and twelve 2-s trials. In each trial, a fixation was presented on the 146 screen for 500 ms; subsequently, a stripped or gray dot was displayed on the left or right side of the 147 fixation for 750 ms or disappeared if a response was given; finally, a blank interval was presented for 148 a variable duration in order to keep each trial last for 2 s (Fig. 1 ). There was also a 10-s pre-scan 149 performed before each task session to obtain a stable signal. Thus, the scanning duration for the whole 150 8 task-state was 704 s, resulting in 352 functional volumes. It should be noted that the response window 151 in the fMRI task was set as the stimulus duration (i.e. 750 ms), behavioral performance was not 152 recorded for trials with response time longer than 750 ms. To avoid this truncating effect, the 153 behavioral measures from the same Dots task with a response window of 1250 ms conducted outside 154 the MRI scanner were used. The Dots task outside the scanner included only three blocks. One block 155 presented only stripped dots (twenty trials, single-task), one block presented only gray dots (twenty 156 trials, single-task) and the third block randomly presented stripped and gray dots (sixty trials, 157 mixed-task). Both inside and outside the scanner, the order of task conditions was counterbalanced 158 across participants. 159
For each participant, accuracy (ACC) and mean response time (RT) of correct trials were 160 calculated separately for the single-task and mixed-task conditions. Trials with RT shorter than 200 161 ms were assumed to be too fast to indicate a reasonable respond and were not included in ACC or RT 162 calculations. It should be noted that both single-and mixed-task conditions involve non-EF cognitive 163 processes such as visual perception and motor response. To avoid confounds from these non-EF 164 cognitive processes, EF ability in this study was tested by introducing the difference scores of ACC 165 (ACC single-task -ACC mixed-task ) and RT (RT mixed-task -RT single-task ) between the two task conditions. These Fig. 1 Experimental design of the EF task. In this task, two task conditions were designed to probe 171 EF ability. Under the single-task condition, subjects were instructed to remember one task rule and 172 make one type of response (e.g. respond on the same side as the stripped dots). Under the mixed-task 173 condition, subjects were instructed to remember two task rules (e.g. stripped same side, gray opposite 174 side) and flexibly switch between the two task rules. 175
Imaging acquisition and preprocessing 176
Imaging was performed on a 1.5 T Philips MRI scanner with a standard eight-channel head coil. 177
For each participant, a high-resolution brain structural image was obtained using a 3-dimensional fast 9 field echo (FFE) sequence (TR = 25 ms, TE = 4.6 ms, flip angle = 15°, 150 slices in the sagittal plane, 179 FOV = 256 × 256 mm 2 , matrix size = 256 × 256). Functional images were acquired using a 180 single-shot echo-planar imaging (EPI) sequence (TR = 2000 ms, TE = 50 ms, flip angle = 90°, 22 181 interleaved ascending slices per volume, slice thickness = 5 mm, slice gap = 0.8 mm, FOV = 230 × 182 230 mm 2 , matrix size = 64 × 64). 183
The imaging data were preprocessed using the Data Processing Assistant for Resting-state fMRI 184
Advanced Edition (DPARSF-A, version 4.3) toolbox (Yan, 2010) . Preprocessing steps included 185 discarding the five pre-scans, slice-timing correction, and head-motion correction. Then the functional 186 images were aligned to the corresponding T1-weighted images, and were normalized to the MNI 187 space with a resampling voxel size of 3 × 3 × 3 mm 3 . Finally, the functional images were smoothed 188 using a 6 mm full-width half-maximum (FWHM) Gaussian kernel. Specifically, frame-wise 189 displacement (FD) was used to characterize head motion inside the scanner. The head motion 190 measured by mean FD was not significantly correlated with age or any behavioral performance 191 (lowest p = 0.268). A censoring/scrubbing strategy (Power et al., 2012) Nieto-Castanon, 2012). A high pass filter with a cut-off frequency of 0.01 Hz was also implemented 199 for the imaging data. 200
Network construction and graph theory analysis 201
To obtain defined nodes, we applied a functional template as proposed in a previous study 202 (Dosenbach et al., 2010) . This functional template can parcellate the brain into 160 functionally 203 segregated regions of interest (ROIs) that cover most of the cerebral cortex and cerebellum. The set of 204 ROIs (6 mm diameter spheres) were generated using the peak coordinates derived from a series of 205 meta-analyses of fMRI activation studies (Dosenbach et al., 2010) . We chose this functional template 206 10 for defining the functional network nodes given that it has been broadly applied to examine 207 whole-brain functional connectivity during resting-state (Cao et Previous studies have constructed brain networks either using a single threshold or using a range of 214 thresholds. In the present study, we chose a scarcity threshold of 15% that are preferred by previous 215 researchers ( Redcay et al., 2013; Reineberg and Banich, 2016) . Such threshold can keep a balance 216 between using very sparse graphs and denser graphs. and the cerebellum. We used this modular structure to compute the following graph theory measures. 222
In order to quantify the degree of modular segregation, participation coefficient (PC) was calculated 223 firstly. For node i, PC is defined as
, where m is a module in a set of 224 modules M, k im is the number of connections between the node i and module m, and k i is the total 225 number of connections of node i in the whole-brain network (Guimerà and Amaral, 2005) . It measures 226 the proportion of inter-and intra-module connections for node i. Generally, PC will be close to zero if 227 one node is highly integrated with nodes in its own module but less integrated with nodes in other 228 modules (greater modular segregation); it will be close to one if the node is highly integrated with 229 nodes in many other modules but less integrated with nodes in its own module (lower modular 230 segregation). In order to examine which module drives the developmental effects, we calculated 231 average PC in each module. In addition to PC, we also calculated the number of connections within 232 11 each module, and the number of connections between any two pairs of modules. These measures can 233 provide further insights into the segregation of information processing within each module and the 234 degree to which modules are integrated across the whole-brain network. 235
Statistical analysis 236
Firstly, partial correlation analyses were used to examine the associations between age, task 237 performance and brain network properties. Gender, intelligence and head motion (characterized by 238 mean FD) were used as covariates in the partial correlation analyses. Since the 160 nodes were 239 grouped into six functional modules, there were six PC measures, six intra-connection measures and 240 fifteen inter-connection measures for each task condition at the module level. In order to control for 241 multiple comparisons, the Bonferroni correction was used. For PC and intra-connections, the 242 significant threshold was set at α = 0.05/12 (six measures and two task conditions) = 0.0042, and for 243 inter-connections, the significant threshold was set at α = 0.05/30 (fifteen measures and two task 244 conditions) = 0.0017. Finally, we performed an exploratory mediation analysis to test whether the 245 brain network measures could explain age-related improvements in EF performance. The mediators 246 would be selected from network measures showing significant correlations with both age and EF 247 performance. The significance of the mediation effect was evaluated using the PROCESS macro for 248 SPSS 22.0 (Hayes, 2013) . This approach can generate a 95% bootstrapped confidence interval from 249 repeated resampling (10000 samples) of the observed data. Confidence intervals that do not include 250 zero indicate a significant mediation effect of the predictor (age) on the outcome (EF performance) 251 through the mediator (network measures). Gender, intelligence and head motion were included as 252 covariates in the mediation models to control for their effects. 253
Results 254
Developmental changes in behavioral performance 255
As indicated by the significant correlations between age and ACC as well as RT ( Fig. 2A) , the 256 task performance outside the scanner improved markedly with age under both single-task and 257 mixed-task conditions (ACC: single-task, r = 0.308, p = 0.011; mixed-task, r = 0.529, p < 0.001; RT: 258 single-task, r = -0.666, p < 0.001; mixed-task, r = -0.805, p < 0.001). In addition, both ACC and RT 259 12 indicate that the mixed-task condition was more difficult than the single-task condition (paired t-test 260 for ACC: t (66) = -8.623, p < 0.001; RT: t (66) = 18.649, p < 0.001). In order to control for baseline 261 differences in non-EF processes such as visual perception and motor response, we calculated 262 difference scores of ACC (ACC single-task -ACC mixed-task ) and RT (RT mixed-task -RT single-task ) between the 263 two task conditions and used them as more specific indices for EF. A lower difference score was 264 indicative of higher EF ability. Difference scores in both ACC and RT indicated that EF function 265 developed with age (ACC differences: r = -0.477, p < 0.001; RT differences: r = -0.537, p < 0.001, Fig.  266 2B). As shown in Supplementary Table 1 , behavioral measures inside the scanner yielded similar 267 results, except that EF scores in term of RT did not change significantly with age (p = 0.201), results support our hypothesis that the task-dependent brain networks became increasingly modular 285 with age. Mean PC of the CONN or the cerebellum showed no significant correlations with age 286 (p uncorrected > 0.05 in all cases). Then we examined whether such developmental effects were driven by changes in intra-module 294 connections, inter-module connections, or a combination of both. As shown in Fig. 4A , intra-module 295 connections increased significantly with age under the mixed-task condition in three brain modules Next, we sought to investigate how task difficulty modulated brain network properties. For each 311 module, a higher mean PC was found under the mixed-task condition than the single-task condition 312 Figure 5A ), indicating that the brain network modules became less 315 14 segregated when cognitive demands increased. Further analyses showed that the mixed-task condition 316 had significantly lower intra-module connections than the single-task condition (DMN: (t (66) = 8.696, 317 p corrected < 0.05); FPN: (t (66) = 9.301, p corrected < 0.05); visual: (t (66) = 3.442, p corrected < 0.05, Figure  318 5B). On the contrary, the mixed-task condition had significantly greater inter-module connections than 319 
Mediation effects 328
Finally, we evaluated the cognitive implications of modular segregation by examining their 329 potential mediation effects on EF development. In order to control for differences in non-EF cognitive 330 processes such as visual perception and motor response, difference scores in both behavioral and 331 network measures between the two task conditions were used to conduct the mediation analysis. As 332 shown in Fig. 6A , difference scores in mean PC of the FPN were correlated with both age (r = -0.289, 333 p uncorrected = 0.021) and children's EF performance (ACC differences: r = 0.375, p corrected < 0.05). 334
Interestingly, a similar pattern was found for intra-module connections of the FPN (correlation with 335 age: r = -0.412, p corrected < 0.05; correlation with ACC differences: r = 0.384, p corrected < 0.05, Figure  336 6B). We then conducted an exploratory analysis to test whether these two network measures could 337 mediate the relationship between age and EF performance. As described in the method section, 338 bootstrap resampling was used to test the significance of the mediation effect. Our results showed that 
Reproducibility of the network findings 352
To confirm that our findings generalize beyond the threshold of 15%, our data were reanalyzed 353 using a set of thresholds ranging from 0.10 (10% has been demonstrated to provide high test-retest Importantly, most of the results reported in the main text remained (Supplementary Table 2, 3 and 4) . 
Discussion 358
In this study, we examined the development of task-dependent brain network organization in 359 children aged 7-12 and delineated its relationship to observed improvements in EF performance. In 360 support of our hypothesis, we found that the task-dependent brain network modules became 361 increasingly segregated with age. Specifically, intra-module connections within the FPN, SMN and 362 DMN increased significantly with age. In contrast, inter-module connections between the FPN/SMN 363 and the visual network decreased significantly with age. Most importantly, developmental effects in 364 the FPN significantly mediated the relationship between age and EF performance. Taken together, our 365 findings delineate a maturation process of enhanced functional specialization in task-dependent brain 366 networks that is critical for the cognitive development of EF during childhood. 367
The conceptualization of the brain as a modular entity has demonstrated a particularly 368 pronounced effect on theories of brain development (Baum et al., 2017; Fair et al., 2007) . Previous 369 studies have consistently reported that the task-independent brain network modules become 370 16 increasingly segregated/specialized over development (Fair et increased from 10 to 13 years old while functional connectivity between the two networks decreased 376 with age. However, these findings are mostly limited to the task-independent brain network 377 development. Importantly, our findings extend these findings by showing increased modular 378 segregation in task-dependent brain network organization, which may delineate an important new 379 mechanism for the development of EF ability in children. 380 Particularly, as age increased, we observed significant increases in intra-modules connections 381 and decreases in inter-module connections. It has been suggested that information processing within 382 modules is necessary for effective implementation of specific cognitive processes, whereas the 383 exchange of information between more widespread brain modules is responsible for the coordination 384 and integration of divergent cognitive processes (Gratton et al., 2012; Warren et al., 2014) . From this 385 point of view, increasing intra-module connections with age may facilitate the implementation of 386 specific cognitive processes while declining inter-module connections with age is likely associated 387 with the effective integration or reduced competitive interference among diverse cognitive processes. 388
Our finding is also consistent with several prior studies examining age-related changes in task-based 389 brain activation, which shows more widespread brain activation at an early age while more focal 390 activations at a later age (Durston et al., 2006; Rivera et al., 2005) . It is possible that younger children 391 tend to rely on a compensatory mechanism such as the employment of more diverse neural resources 392 to help them perform cognitive tasks well. As children develop, a shift to localized brain function may 393 become beneficial for more mature cognitive processes. adulthood (Best and Miller, 2010; Crone et al., 2006; Giedd and Rapoport, 2010) . Perhaps the FPN is 407 involved in supporting EF in younger children, but in a different manner compared to older children. 408
In this study, age-related network segregation of FPN was driven by increases in intra-connections of 409 FPN and decreases in inter-connections between FPN and visual network. We speculate that younger 410 children call upon low-level visual perception processes to aid for immature high-order EF processes 411 such as working memory and task switching, leading to greater functional integration between FPN 412 and visual network. While for older children, increased reliance on intra-connections of FPN may 413 contribute to the increased ability to accomplish challenging EF tasks. 414 We also noticed that the DMN became increasingly segregated with age under the mixed-task 415 condition, driven by an increase in intra-connections of DMN. Although the exact function of DMN in 416 cognition is a subject of intense debate in the literature, several studies have highlighted the 417 contribution of DMN to EF abilities such as working memory (Huang et al., 2016) and task switching 418 (Crittenden et al., 2015) . Particularly, functional connectivity of DMN has been suggested to support 419 the ability to ignore task-irrelevant information (Chadick and Gazzaley, 2011) . Thus, we speculate 420 that increased reliance on intra-connections of DMN may contribute to the ability to successfully shift 421 focus away from task-irrelevant information, and thereby promote the development of working 422 memory and task switching by focusing on task-relevant information. 423
The SMN and visual network became increasingly segregated with age under both task 424 conditions. Such developmental effects were driven by increases in intra-connections of SMN and 425 decreases in inter-connections between SMN and visual network. The SMN and visual network are 426 18 thought to support basic cognitive processes such as motor response and visual perception ( Another intriguing finding is that we observed less modular segregation (i.e. higher PC, lower 438 intra-module connections and greater inter-module connections) in the mixed-task condition than that 439 of the single-task condition. This result is in good agreement with the view that more demanding 440 cognitive functions benefit from a less modular brain organization that fosters better flow of 441 information across multiple brain regions ( as cognitive demands increase (Liang et al., 2016; Newton et al., 2011) . This inconsistency may be 444 due to that the primary neural substrates supporting EF at 7-12 years are not mature. As cognitive 445 demands increase, children may rely on a compensatory mechanism such as the employment of 446 coordination and integration among more distributed brain modules to support the increasingly 447 effortful EF performance. 448
Most importantly, we found that modular segregation significantly mediated the relationship 449 between age and EF performance. This mediation effect was mainly driven by segregation of the FPN. 450 This finding is highly consistent with the study of Baum et al. (Baum et al., 2017) , which reported that 451 structural network segregation of the FPN mediated the relationship between age and EF performance. 452
Taken together, these findings provide clear evidence that the development of brain network topology 453 can serve as a substrate for the evolution of EF during childhood. However, a previous resting-state 454 19 fMRI study reported that the CONN/salience network integration, as assessed by PC, increased 455 significantly with age . Besides, this increased cross-network integration 456 moderated age-related improvements in inhibitory control. The inconsistency between their and our 457 studies may be due to that participants (10-26 years) in their study were older than those in our study. 458 Alternatively, such inconsistency may be driven by differences between resting-state and 459 task-dependent brain network development. It is, therefore, interesting to further investigate how 460 task-dependent brain networks change at a later developmental stage. 461
Recent concerns about head-motion artifact have raised some doubts about the interpretability of 462 age-related effects in brain network organization (Grayson and Fair, 2017; Power et al., 2014 Power et al., , 2012 . 463 Particularly, emerging evidence suggests that head motion can lead to increases in local connectivity 464 and decreases in long-range connectivity, which may increase developmental effects detected in brain Several limitations should be noted for this study. First, this is a cross-sectional study. Further 469 longitudinal research is needed to extend our findings by tracking within-subject changes in 470 behavioral performance and underlying network architecture. Second, we do not design a baseline 471 task condition which involves few EF demands. Although the current task paradigm could manipulate 472 two different levels of EF demands, both task conditions demand EF skills. The lack of a non-EF task 473 condition may make it a little debate about whether some of the developmental changes under the 474 single-task condition are EF-specific. Future study should conduct a battery of cognitive tasks to 475 address this issue more rigorously. Lastly, the sample size of the current study is relatively small, 476 which may suffer from inflated correlation values (Yarkoni, 2009; Poldrack et al., 2017) . Given that 477 some of the correlation values reported in this study were high, future research should expand the 478 sample size to strengthen the reliability of findings in this study. 479
Conclusions 480
The present study extends our understanding of how functional maturation of the brain supports 481 20 the cognitive development of EF across childhood. It also demonstrates the importance of applying 482 complex network approach to task-based fMRI for investigating the development of EF. Consistent 483 with previous studies about task-independent brain network development (Baum et al., 2017; Fair et 484 al., 2007), we found that the task-dependent brain networks became increasingly segregated from 7 to 485 12 years old. Specifically, intra-connections of the FPN, SMN and DMN increased significantly with 486 age, while inter-connections of the visual network to both FPN and SMN decreased significantly with 487 age. Most importantly, modular segregation of the FPN significantly mediated the relationship 488 between age and EF performance. Taken together, these findings delineate an important neural 489 mechanism for the development of EF. Our findings may also have important implications for 490 developing effective interventions to promote EF development and ameliorate EF deficits. 491
